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Abstract

Efficient query answering over ontologies is one of the most
useful and important services to support Semantic Web appli-
cations. Approximation has been identified as a potential way
to reduce the complexity of query answering over OWL DL
ontologies. Existing approaches are mainly based on syntac-
tic approximation of ontological axioms and queries. In this
paper, we propose to recast the idea of knowledge compila-
tion into approximating OWL DL ontologies with DL-Lite
ontologies, against which query answering has only poly-
nomial data complexity. We identify a useful category of
queries for which our approach guarantees also complete-
ness. Furthermore, this paper reports on the implementa-
tion of our approach in the ONTOSEARCH?2 system and pre-
liminary, but encouraging, benchmark results which compare
ONTOSEARCH2’s response times on a number of queries
with those of existing ontology reasoning systems.

Introduction

Ontologies play a key role in the Semantic Web (Berners-
Lee, Hendler, & Lassila 2001), for which W3C has stan-
dardised a Web Ontology Language OWL (Patel-Schneider,
Hayes, & Horrocks 2004); in this paper, we are interested
in the OWL DL sub-language (‘DL’ for Description Logic)
due to the existence of reasoning support. A growing library
of ontologies is available online, covering a wide range of
human knowledge. For this large body of knowledge to be
usable by Semantic Web applications, a framework that al-
lows efficient query answering over ontologies is required.
How to provide efficient querying answering service for
expressive DLs has been an important open problem in KR.
It has been shown that the complexity of ontology entail-
ment in SHOZN (D™), i.e., OWL DL, is NEXPTIME. This
indicates query answering over OWL DL ontologies is at
least NEXPTIME. Approximation has been identified as a
potential way to reduce the complexity of reasoning over
OWL DL ontologies. Existing approaches (Stuckenschmidt
& van Harmelen 2002; Wache, Groot, & Stuckenschmidt
2005; Hitzler & Vrandecic 2005; Groot, Stuckenschmidt,
& Wache 2005; Hurtado, Poulovassilis, & Wood 2006) are
mainly based on syntactic approximation of ontological ax-
ioms and queries. All these approaches could introduce un-
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sound answers. To the best of our knowledge, we have not
seen any published framework on sound (and possibly in-
complete) approximations on ontology query answering, not
to mention efficient ones.

In this paper, we propose to recast the idea of knowl-
edge compilation (Selman & Kautz 1996) into semantic ap-
proximation of OWL DL ontologies. The idea of knowl-
edge compilation is simple: users can write statements in
an expressive representation language; such statements can
be complied into a restricted language that allows efficient
inference. In this way, users do not have to use less ex-
pressive language which might be too limited for practical
applications. In (Selman & Kautz 1996), Selman and Kautz
showed how propositional logical theories can be compiled
into Horn theories that approximate the original informa-
tion; they also applied this idea on subsumption reasoning
for the Description Logic F L. In this paper, we investigate
applying knowledge compilation on query answering over
OWL DL ontologies. Namely, we propose approximating
OWL DL ontologies (or simply source ontologies) with cor-
responding DL-Lite (Calvanese et al. 2004; 2005) ontolo-
gies (or simply target ontologies), against which query an-
swering has only polynomial data complexity, and provide
algorithms to compute target DL-Lite ontologies.

One major advantage of our approach is that SQL engines
are sufficient to answer disjunctive queries over the target
DL-Lite ontologies, since all entailments, of a source OWL
DL ontology, that are expressible in DL-Lite are kept in the
target ontology. Although the size of target ontologies is
only polynomial w.r.t. the signatures of source ontologies,
it still takes a considerable amount of time to calculate tar-
get ontologies if target ontologies are computed naively, in
particular when the source ontology is huge. To solve the
problem, we propose several optimisation algorithms to re-
duce some unnecessary entailment checkings and to reduce
storage of some redundant DL-Lite axioms. After applying
some of these optimisations, query answering requires DL-
Lite reasoners (which make use of SQL engines after some
query rewriting) rather than SQL engines alone. Further-
more, we identify an important category of queries for which
our approach guarantees both soundness and completeness.
We have implemented our approach in the ONTOSEARCH2
system. Our experiments show that the optimisations signif-
icantly reduce the time for computing target ontologies. Our



evaluation with the Lehigh University Benchmark shows
that ONTOSEARCH?2 outperforms a number of contempo-
rary ontology reasoning systems.

DL-based Ontologies and Query Answering

Due to the limitation of space, we do not provide a formal in-
troduction of Description Logics (DLs), but rather point the
reader to (Baader er al. 2002). It should be noted that, even
for the smallest propositionally closed DL ALC (which only
provides the class constructors =C, CM1D,CUD,3R.C and
VR.C), the complexity of logical entailment is EXPTIME.
Recently, Calvanese et al proposed DL-Lite (Calvanese et
al. 2004) which can express most features in UML class
diagrams but still has a low reasoning overhead (worst case
polynomial time, compared to worst case exponential time
in the case of most widely used Description Logics). DL-
Lite supports the following axioms:

1. class inclusion axioms: B T (C where B is a basic
class B := A | 3R | 3R and C is a general class
C := B | -B | C1MNC2 (where A denotes an named
class and R denotes a named property);

2. functional property axioms: Func(R), Func(R"), where
R is a named property;

3. individual axioms: B(a), R(a,b) where a and b are
named individuals.

A conjunctive query (CQ) ¢ is of the form ¢(X) «
FY.conj(X,Y,Z) or simply ¢(X) «— conj(X,Y,Z),
where ¢(X) is called the head, conj(X,Y, Z) is called the
body, X are called the distinguished variables, Y are ex-
istentially quantified variables called the non-distinguished
variables, Z are individual names, and conj(X,Y, Z) is a
conjunction of atoms of the form A(v), R(v1,vs), where
A, R are respectively named classes and named properties,
v, v1 and vy are individual variables in X and Y or indi-
vidual names in Z. As usual, an interpretation Z satisfies an
ontology O if it satisfies all the axioms in O; in this case,
we say 7 is a model of O. Given an evaluation [X — 5],
if every model Z of O satisfies g|x..s), we say O entails
q[x—S]5 in this case, S'is called a solution of q. A disjunctive
query (DQ) is a set of conjunctive queries sharing the same
head. Theoretically, allowing only named classes and prop-
erties as atoms is not a restriction, as we can always define
such named classes and properties in ontologies. Practically,
this should not be an issue as querying against named rela-
tions is a usual practice when people query over relational
databases.

After some careful query rewriting by DL-Lite reason-
ers (Calvanese et al. 2005), query answering over DL-Lite
ontologies can be carried out by an SQL engine, so as to
take advantage of existing query optimisation strategies and
algorithms provided by modern database management sys-
tems.

Knowledge Compilation
Selman and Kautz illustrated the idea of knowledge compi-
lation in (Selman & Kautz 1996) by showing how a propo-
sitional theory can be compiled into a tractable form con-

sisting of a set of Horn clauses. As a logically equivalent
set of Horn clauses does not always exist, they proposed to
use Horn lower-bound and Horn upper-bound to approxi-
mate the original theory.

Let ¥ be a set of clauses (the original theory), the
sets X, and X1, of Horn clauses are respectively a Horn
lower-bound and a Horn upper-bound of ¥ iff M(Xy,) C
M(E) € M(Zup), or, equivalently, Xy, = ¥ & Sy,
This says the Horn lower-bound is logically stronger than
the original theory and the Horn upper-bound is logically
weaker than it. A Horn lower-bound Xy, is a greatest Horn
lower-bound iff there is no set ¥’ of Horn clauses such that
M(Zp) € M(E') € M(X). A Horn upper-bound Xy,
is a least Horn upper-bound iff there is no set ¥’ of Horn
clauses such that M (X) C M(X') C M(Zqup).

Approximations of OWL DL Ontologies
Semantic Approximations

In this section, we apply the idea of knowledge compila-
tion on semantically approximating a source ontology O; in
a more expressive DL £ (source language) with its least
upper-bound Q5 in a less expressive DL L, (target lan-
guage). In this setting, we have O; | O, which distin-
guishes semantic approximations from syntactic ones, as the
latter cannot guarantee soundness (see the example below).

Example 1 Suppose we want to approximate the OWL DL
ontology O1 = {> 2R C C,R C S,R(a,b)} with an
ALC ontology. Using syntactic approximations, one can
approximate Oy with O2 = {3R C C, R(a,b)}, in which
the number restriction > 2R is syntactically approximated
as AR and R T S is ignored as it is not expressible in ALC.
One drawback of this approximation is that Os entails C(a),
which is not entailed by the source ontology O.

In the rest of the paper, we use N, N p and N to denote
the set of named classes, named properties and named indi-
viduals, respectively, used in O;. We always assume N¢,
Np and Ny are finite, as O, is a finite set of axioms.

The following definition provides the notion of least
upper-bound in our setting; i.e., we consider all £, axioms
that are entailed by O;.

Definition 1 (Entailment Set) The entailment set of O
w.r.t. Lo, denoted as ES(O1, L2), is the set which contains
all Lo axioms (constructed by using only vocabulary in N¢,
Np and Ny) that are entailed by O;.

There are two remarks here: (1) ES(04,Ls)
could be infinite. For example, given O; =
{T CVR.(3R.T), Trans(R), R(a,b)}, there  exist
infinite axioms (such as 3JR.T(a), IR.(3R.T)(a),
JR.(3R.(3R.T))(a), ...) in ES(Oy, ALC). Whether
ES(O1, L) is finite depends on the target language Lo. (2)
If ES(O1, L2) is finite, it is a candidate for Os.

We can construct entailment sets from the corresponding
axiom sets (see the following definition).
Definition 2 (Axiom Set) The axiom set of Lo w.r.t. N¢,
Np and Ny, denoted as AS(L2,N¢,Np,Ny), is the set
which contains all Lo axioms that are constructed by using
only vocabulary in N¢, Np and Nj.



It should be noted that axiom sets are not always fi-
nite. For example, AS(ALC,{A},{R},{b}) is not fi-
nite, as it contains infinite individual axioms of the form
JR.A(b), 3R.3IR.A(b), 3R.IR.IR.A(b), ... Although it is
still possible to restrict our attention to axioms with lim-
ited length in ALC, in this paper, we are mainly inter-
ested in Description Logics (£2) which come with a fi-
nite axiom set AS(Ls,N¢,Np,N;). In particular, we
choose DL-Lite, due to its nice trade-off between expres-
sive power and efficiency. The following lemma shows that
AS(DL-Lite, No, Np, N7y) is finite.

Lemma 3 Given the finite sets of No, Np and Ny,
the axiom set of DL-Lite w.rt. N¢o, Np and Ny, i.e.
AS(DL-Lite, Nc,Np,Ny), is finite.

Proof: Given the DL-Lite syntax for constructing class de-
scriptions, there are only one way (C := C; M C2) to con-
struct class descriptions with infinite length, but we can al-
ways find some finite class descriptions which are equivalent
to them, by e.g. disallowing repeated basic classes in con-
junctive class descriptions. In fact, after normalising DL-
Lite class axioms into the following two forms: By T Bs
and B; T —Bsy (Calvanese ef al. 2005), there exists no way
to construct class descriptions with infinite length. L]

We conclude this sub-section by presenting an algorithm
to compute entailment sets w.r.t. DL-Lite. Given an £,
ontology O; and its vocabulary N¢o, Np and Ny, the
following Algorithm A-1 calculates ES(O;, DL-Lite);
Algorithm A-1 uses Algorithm A-2 and entailment-
check(Oq, a) to calculate AS(DL-Lite, N¢, Np,N;) and
check £, entailments, respectively. In this paper, we set £,
as OWL DL, while in general it can be any DL.

Algorithm A-1: DL-Lite-ES(O;,N¢, Np, Nj)
1: let ES := () //initialise ES
2: let AS := DL-Lite-AS(N¢, Np, N7) //calculate AS
3: for every axiom « in AS do
4:  if entailment-check(O1, a)) = true then
5: ES:= ESU{a}
6 end if
7: end for//call an £; reasoner to check if 01 | «
8: return ES

Algorithm A-2: DL-Lite-AS(O:1,N¢, Np, Ny)
1: let AS := () //initialise AS
2: let BS := N¢ //initialise BS, the set of basic classes
3: for every property name R in Np do
4:  AS := AS U {Func(R),Func(R™)} //add DL-Lite prop-
erty axioms into AS

5:  BS := BSU{3R,3dR™} //add existential class descrip-
tions into BS

6: end for

7: let C'S := BS //initialise CS, the set of general classes

8: for every class B in B.S do

9: CS:=CSuU{-B}

10: end for

11: for every class B in BS do
12:  for every class C'in C'S do

13: AS := ASU{B C C} //add DL-Lite class axioms into
AS

14:  end for

15: end for

16: for every class C'in C'S do

17: for every individual name a in N; do

18: AS := ASU{C(a)} //add DL-Lite class assertions into
AS

19:  end for

20: end for

21: for every property R in Np do

22:  for every individual name a in N do

23: for every individual name b in N; do

24: AS := ASU{R(a,b), R(b,a), R"(a,b), R™(b,a)}
//add DL-Lite property assertions into AS

25: end for

26:  end for

27: end for

28: return AS

The Algorithm A-2 needs some explanation and clarifica-
tion. BS and C'S are the sets of basic classes and general
classes in DL-Lite, respectively. As DL-Lite class axioms
can be normalised into the following two forms: B T Bs
and B; C =B, (Calvanese et al. 2005),! we do not have
to consider class conjunctions when we construct C'S (lines
7-10). Algorithm A-2 shows AS(DL-Lite, No,Np,Ny)
consists of 2 - |[Np| property axioms, 2 - (|[N¢g| + 2 -
INp|)? class axioms and 2 - (|[N¢| + 2 - [Np|) - |N7| +
INp| - |N/|? individual axioms. In other words, the size
of AS(DL-Lite, N, Np, N;) is polynomial w.r.t. those of
Nc, Np and N].

Query Answering over Entailment Sets

In this sub-section, we investigate query answering over
entailment sets. In order to evaluate from the theoreti-
cal point of view query answering based on semantic ap-
proximation, we are mostly interested in the soundness and
completeness of the solutions. Given an OWL DL on-
tology O; and an arbitrary query ¢, we denote the set
of solutions of ¢ over O; as S, 0, and the set of solu-
tions of g over ES(O;, DL-Lite) as S, Es(o; DL-Lite)- Ve

say S gs(o, DL-Lite) 18 sound if S  pq o DL-Litey <
Sq.0,- Wesay S| pg 0, DL-Lite) 18 complete if Sq 0, ©
S,.Es(0: DL-Lite): We5aY S gs(0, DL-Lite) 1s sound and
complete if Sq,ES(Ol,DL—Lite) =S40

Theorem 4 Given an OWL DL ontology O, and an arbi-
trary query q over Oy, Sq,ES(Ol,DL-Lite) is sound.

Proof: Immediate consequence of the definition of

ES(O;,DL-Lite) and the fact that OWL DL is monotonic.
]

It remains to investigate how complete Sq Es(0;,DL-Lite)

is. In general, it is possibly incomplete (see the following
example) as the complexity of query answering in DL-Lite
is obviously lower than that of OWL DL.

"For example, B C (' M5 can be normalised to B C 'y and
BLC (4.



Example 2 Let us consider a query q(x) — R(z,y) AC(y)
over an OWL DL ontology O1 = {3R.C(a)}. Since O, |=
Qlw—a], We have Sy 0, = {x + a}.

As the entailment set ES(Oy, DL-Lite) = {3R(a)} does
not entail G, ..}, we have Sq,ES(Ol,DL-Lile) = .

However, if we transform ¢(z) < R(z,y) A C(y) in Ex-
ample 2 into one without non-distinguished variables, we
can simply add y into the head: ¢'(x,y) «— R(z,y) A C(y).
Now we have Sy 0, = () because, given 01, it is not possi-
ble to evaluate the variable y to any named individuals. The
following theorem shows that Sq7ES(O1 DL-Lite) is com-
plete for arbitrary conjunctive queries g without non-disting-
uished variables. Intuitively, this is because all atoms of the
form A(e) and R(e, f), where e and £ are named individu-
als, that are entailed by O; are stored in ES(O;, DL-Lite).

Theorem 5 Given a consistent OWL DL ontology Oy and
an arbitrary conjunctive query q over O1 that has no non-
distinguished variables, Sq,ES(Ol,DL-Lite) =8S,0;-

Proof (sketch) : Let ¢ be of the form ¢(X) «
conj(X,0,7), where conj(X,0,Z) is a conjunction of
atoms which are of the form A(v) or R(vy,v2), A is a
class name, R is a property name and all v, vy, vy are ei-
ther variables in X or individual names in Z. For each
solution S € S, 0,, we have O; |= qx—s]; 1€, for
each atom A(v) (R(v1,v2)), we have an evaluation v — o
(v1 — o1,v2 — o09) such that O; E A(o) (O E
R(01,02)). Due to the definition of entailment sets, we
have ES(O;,DL-Lite) | A(o) (ES(O;,DL-Lite) |=
R(01,02)). Therefore, we have ES(O;,DL-Lite)
qx—s]s 1-€., S € Sq,ES(Ol,DL-Lite)' Similarly, we can
show, for each solution S € S 4.ES(0, DL-Lite)> W€ have
S e Sq701. ]

It is important to point out that the restriction of disallow-
ing non-distinguished variables is not really unusual: (1) the
well known traditional DL reasoner Racer (supporting both
TBox and ABox) does not allow them in its query language
nRQL (Haarslev, Moller, & Wessel ); (2) the KAON2 DL
reasoner (Hustadt, Motik, & Sattler 2004), which is mainly
designed to provide efficient ABox reasoning and query an-
swering, does not support non-distinguished variables either.
To the best of our knowledge, this restriction is the price we
should pay for scalable query answering over ontologies.

Optimisations

The results in the previous section indicate SQL engines are
sufficient to answer disjunctive queries over the target DL-
Lite ontologies, since all entailments, of a source OWL DL
ontology, that are expressible in DL-Lite are kept in the tar-
get ontology. Some early evaluation showed that it could
take a considerable amount of time to calculate the entail-
ment set if the source ontology is huge. In this sub-section,
we investigate some possible answers of the two questions:
(1) Can we reduce the time to calculate the entailment set by
avoiding some unnecessary entailment tests? (2) Is it possi-
ble to reduce the storage of redundant axioms?

Firstly, we can optimise class subsumption checking by
making use of the classification reasoning service. Namely,
for each general class C' € C'S (see Algorithm A-2), we
add the definition A = C into O7; we call the extended
ontology ;.. It is important to note that adding such def-
initions does not change the semantics of the ontology O,
but simply introduce names for the DL-Lite general classes.
Accordingly, for any pair of classes C, D € CS, C' C D iff
Ac C Ap, which can be checked by using the classification
service.

Secondly, we can make use of the entailed class hierarchy
of O/ to optimise class assertion checking. Given the
entailed class hierarchy H of Oy, the set of general DL-Lite
classes (w.r.t. @1) CS and the set of individual names N
in Oy, Algorithm A-3 calculates the set of class assertions
in ES(O,,DL-Lite).

Algorithm A-3: DL-Lite-ES-CA(H,CS, Ny)
1: let CA := ( //initialise CA
2: for every individual name o in N; do
3 init(check-queue)
4:  Checked := ()
5:  push (check-queue, leaf-nodes(H)) //check leaf-nodes first
6:  while (A:=pop(check-queue)) do
7 if A ¢ Checked then
8 if entailment-check(O1, A(o)) = true then
9 CA :=CAU{A(o)} //add A(o) into C A

10: Ancestors := ancestors(H, A)

11: for every class name N in Ancestors do

12: CA := CAU{N(o)} //and related axioms for

all ancestors of A

13: end for

14: Checked := Checked U Ancestors //ancestors are
marked as checked

15: else

16: push (check-queue, parents(H,A)) //otherwise, add
parents in the queue

17: end if

18: end if

19:  end while

20: end for

21: return CA

The basic idea of Algorithm A-3 is that if O; = A(o),
then we have O; = N(o) for any A C N (according to H),
which reduces the number of OWL DL entailment checking.
More specifically, for each individual in N7, we initialise the
check-queue (making it empty), and then push the leaf nodes
of H into the check-queue. If O; = A(o) (A is the head
of the queue), we add parents of A into the check-queue;
otherwise, we add the related entailed axioms into C'A.

Thirdly, we can make use of the instance of classes of the
forms 3R and 3R~ to optimise property assertion checking.
Given the set N p of property names and the set N of in-
dividual names in Oy, Algorithm A-4 calculates the set of
property assertions in ES(O1, DL-Lite).

Algorithm A-4: DL-Lite-ES-PA(Np, N )
1: let PA := () //initialise CA
2: for every property name R in Np do



3:  candidate-1 := instance-of(3R)
4:  candidate-2 := instance-of(3R ™)
5:  for every individual a in candidate-1 do
6: for every individual b in candidate-1 do
7: if entailment-check(O1, R(a, b)) = true then
8: PA:= PAU{R(a,b),R™ (b,a)}
9: end if
10: end for
11:  end for
12: end for

13: return PA

The basic idea of Algorithm A-4 is that in order to calcu-
late instances of a property R, we do not have to try every
possible combinations of individuals pairs. Indeed, we can
simply consider individuals which are instances of IR as
candidates of the first argument, and similarly only consider
individuals which are instances of 3R~ as candidates of the
second argument.

In order to reduce the storage of redundant individual ax-
ioms, we can further optimise Algorithm A-3 by revising
line 12 so as to add N(o) into C'A where N is defined as IR
or 3R~ which are needed in Algorithm A-4. In this setting,
we need a DL-Lite reasoner rather than an SQL engine alone
to answer queries against the target ontology.

Implementation and Evaluation

In this section, we evaluate: (1) how effective the optimised
algorithms reduce the time for calculating target ontologies;
(2) how efficient query answering over target ontologies can
be. The evaluation is based on the ONTOSEARCH?2 sys-
tem (Pan & Thomas 2006), which supports ontology search-
ing and querying. The core of ONTOSEARCH?2 is an in-
ference engine for the DL-Lite ontology language. ON-
TOSEARCH?2 implements the semantic approximation al-
gorithms and the optimisations techniques (both A-3 and its
further optimisation) presented in the previous section. In
this section, we label the implementation of A-3 as the DB
version and its further optimisation as the DL-Lite version.
The machine that we used is a Dell Precision 370, with In-
tel Pentium 4 3.0GHz, 1024Mb RAM and 80Gb (ATA) hard
disc. We used PELLET 1.3 (Pellet 2003) as the OWL DL
reasoner and PostgreSQL 8.1 as the RDBMS.

Optimisation Algorithms

We use the Wine Ontology (Smith, Welty, & McGuinness
2004) and the Lehigh University Benchmark (LUBM) (Guo,
Pan, & Heflin 2005) to evaluate the optimisations. The wine
ontology contains 79 named classes, 12 individual proper-
ties and 206 individuals. The naive Algorithms A-1 and A-
2 did not complete within the one hour time limit we had
set for this experiment. It took the DL-Lite version only 4
minutes and 14 seconds. For LUBM, we used a dataset con-
taining 6,888,642 individuals (in the case 50 universities).
To calculate the target ontology, naive algorithms ran out of
memory, while it took the DL-Lite version about 3 hours.
We also compare the DB and DL-Lite versions of the op-
timisations: the DL-Lite version requires about half of the
space and time than the DB version needs to construct target
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Figure 1: Performance of ONTOSEARCH?2 (OS2) compared to
DLDB system as ABox size increases using Lehigh University
Benchmark

ontologies, while queries executed takes about twice as long
as the DB version.

Query Answering

We evaluate the ONTOSEARCH?2 system (the DB version)
on query answering using LUBM, using generated data sets
representing 1, 5, 10, 20 and 50 universities, these are gener-
ated using the same seed and index values as used in (Guo,
Pan, & Heflin 2004) so we can directly compare the perfor-
mance of the ONTOSEARCH? system against the systems
(which are incomplete) tested in (Guo, Pan, & Heflin 2004).
The smallest dataset (0,1) contains approximately 136,000
triples in 14 RDF files, and the largest dataset (0,50) contains
approximately 6,800,000 triples in 999 RDF files. Figure 1
shows how the performance of ONTOSEARCH2 changes
with 4 different queries from the LUBM query set.

Furthermore, we also compare ONTOSEARCH?2 with the
KAON2 (Hustadt, Motik, & Sattler 2004), Pellet (Pellet
2003) and Racer systems (Haarslev & Moller 2001), which
provide sound and complete answers and are benchmarked
using the LUBM on similar harware in (Motik & Sattler
2006). The two tableaux based reasoners, Pellet and Racer,
were unable to complete queries 1, 2 or 3 when more than 2
universities made up the dataset (lubm[0,2]). A comparison
with KAON?2 again shows the advantage of the approxima-
tion based approach: (1) ONTOSEARCH?2 is able to com-
plete the queries faster than the KAON?2 on all datasets that
KAON2 can handle; (2) ONTOSEARCH?2 is able to com-
plete the queries using dataset(0,50), while in the cited pa-
per, KAON2 is only able to perform the queries using dataset
(0,4) within the constraints.

Related Work

Existing approaches (Stuckenschmidt & van Harmelen
2002; Wache, Groot, & Stuckenschmidt 2005; Groot, Stuck-
enschmidt, & Wache 2005; Hurtado, Poulovassilis, & Wood
2006) are mainly based on syntactic approximation of onto-
logical axioms and queries. Stuckenschmidt and van Harme-
len (Stuckenschmidt & van Harmelen 2002) were proba-
bly the first to discuss approximating query answering over
Web ontologies. Groot et al. (Groot, Stuckenschmidt, &
Wache 2005) reported negative results (in terms of scala-
bility) on using Schaerf and Cadoli’s method (Schaerf &
Cadoli 1995) on approximating DL classification. Hitzler



and Vrandeci¢ (Hitzler & Vrandecic 2005) proposed an ap-
proximate ABox reasoning method based on the KAON2
reasoner by disregarding non-Horn features of OWL DL on-
tologies, with some positive result on scalability. Wache
et al. (Wache, Groot, & Stuckenschmidt 2005) showed that
Stuckenschmidt and van Harmelen’s method, extended with
a heuristic for sub- concept selection, has some potential for
speeding up instance retrieval. In general, the contributions
of syntactic approximation to scalable query answering has
not yet been clarified. To the best of our knowledge, seman-
tic approximation is the first approximation technique that
guarantees soundness on DL query answering, with clear
improvements on scalability. Even in knowledge compila-
tion, lower-bound approximations do not guarantee sound-
ness.

Conclusion and Outlook

In this paper, we have investigated how to recast the idea
of knowledge compilation into semantically approximating
OWL DL ontologies. Unlike existing syntactic approxi-
mation approach, our approach always guarantees sound
answers for conjunctive and disjunctive queries over on-
tologies. For queries without non-distinguished variables
(which modern OWL DL reasoners like Racer and KAON2
disallow anyway), our approach guarantees both soundness
and completeness. Our preliminary evaluations in the ON-
TOSEARCH2 system shows that our approach is very scal-
able: ONTOSEARCH? outperforms existing OWL DL rea-
soners significantly. The semantic approximation approach
is very general; our results indicate that user can still enjoy
efficient querying answering support when they use expres-
sive ontology languages, such as OWL DL and OWL 1.1.

For our future work, one of the main challenges is to
extend the query language to support class descriptions,
datatype properties and some datatype predicates/built-ins.
Secondly, we will investigate benchmarks for querying an-
swering over (complex) ontologies. Furthermore, it is inter-
esting to see how to make it more complete for queries with
non-distinguished variables. Last but not least, we shall in-
vestigate further optimisations on calculating target ontolo-
gies and how to apply our semantic approximations in other
light-weight ontology languages.
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